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ABSTRACT

Sequential decision making, commonly formalized as Markov
Decision Process (MDP) optimization, is an important chal-
lenge in artificial intelligence. Two key approaches to this
problem are reinforcement learning (RL) and planning. This
survey is an integration of both fields, better known as
model-based reinforcement learning. Model-based RL has
two main steps. First, we systematically cover approaches to
dynamics model learning, including challenges like dealing
with stochasticity, uncertainty, partial observability, and
temporal abstraction. Second, we present a systematic cate-
gorization of planning-learning integration, including aspects
like: where to start planning, what budgets to allocate to
planning and real data collection, how to plan, and how to
integrate planning in the learning and acting loop. After
these two sections, we also discuss implicit model-based RL
as an end-to-end alternative for model learning and plan-
ning, and we cover the potential benefits of model-based
RL. Along the way, the survey also draws connections to
several related RL fields, like hierarchical RL and transfer

Thomas M. Moerland, Joost Broekens, Aske Plaat and Catholijn M. Jonker (2023), 
“Model-based Reinforcement Learning: A Survey”, Foundations and Trends® in 
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learning. Altogether, the survey presents a broad conceptual
overview of the combination of planning and learning for
MDP optimization.
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1
Introduction

Sequential decision making, commonly formalized as Markov Decision
Process (MDP) (Bellman, 1954; Puterman, 2014) optimization, is a key
challenge in artificial intelligence. Two successful approaches to solve
this problem are planning (Russell and Norvig, 2016; Bertsekas et al.,
1995) and reinforcement learning (Sutton and Barto, 2018). Planning
and learning may actually be combined, in a field which is known as
model-based reinforcement learning. We define model-based RL as: ‘any
MDP approach that i) uses a model (known or learned) and ii) uses
learning to approximate a global value or policy function’.

While model-based RL has shown great success (Silver et al., 2017b;
Levine and Koltun, 2013; Deisenroth and Rasmussen, 2011), literature
lacks a systematic review of the field (although Hamrick et al. (2020)
does provide an overview of mental simulation in deep learning, see
Section 9 for a detailed discussion of related work). Therefore, this survey
presents a combination of planning and learning. A general scheme of
the possible connections between planning and learning, which we will
use throughout the survey, is shown in Figure 1.1.

The survey is organized as follows. After a short introduction of the
MDP optimization problem (Section 2), we first define the categories of

3
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4 Introduction

model-based reinforcement learning and their relation to the fields of
planning and model-free reinforcement learning (Section 3). Afterwards,
Sections 4-7 present the main body of this survey. The crucial first step of
most model-based RL algorithms is dynamics model learning (Figure 1.1,
arrow g) which we cover in Section 4. When we have obtained a model,
the second step of model-based RL is to integrate planning and learning
(Figure 1.1, arrows a-f), which we discuss in Section 5. Interestingly,
some model-based RL approaches do not explicitly define one or both
of these steps (model learning and integration of planning and learning),
but rather wrap them into a larger (end-to-end) optimization. We call
these methods implicit model-based RL, which we cover in Section 6.
Finally, we conclude the main part of this survey with a discussion of
the potential benefits of these approaches, and of model-based RL in
general (Section 7).

While the main focus of this survey is on the practical/empirical
aspects of model-based RL, we also shortly highlight the main theoreti-
cal results on the convergence properties of model-based RL algorithms
(Section 8). Additionally, note that model-based RL is a fundamental
approach to sequential decision making, and many other sub-disciplines
in RL have a close connection to model-based RL. For example, hier-
archical reinforcement learning (Barto and Mahadevan, 2003) can be
approached in a model-based way, where the higher-level action space
defines a model with temporal abstraction. Model-based RL is also
an important approach to transfer learning (Taylor and Stone, 2009)
(through model transfer between tasks) and targeted exploration (Thrun,
1992). When applicable, the survey also presents short overviews of such
related RL research directions. Finally, the survey finishes with Related
Work (Section 9), Discussion (Section 10), and Summary (Section 11)
sections.

Full text available at: http://dx.doi.org/10.1561/2200000086



5

Figure 1.1: Overview of possible algorithmic connections between planning
and learning. Learning can take place at two locations: in learning a dynamics
model (arrow g), and/or in learning a policy/value function (arrows c and
f). Most algorithms only implement a subset of the possible connections.
Explanation of each arrow: a) plan over a learned model, b) use information
from a policy/value network to improve the planning procedure, c) use the
result from planning as training targets for a policy/value, d) act in the real
world based on the planning outcome, e) act in the real world based on a
policy/value function, f) generate training targets for the policy/value based
on real world data, g) generate training targets for the model based on real
world data.
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